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We describe a method of designing artificial sequences that re-
semble naturally occurring sequences in terms of their compatibil-
ity with a template structure and its functional constraints. The
design procedure is a Monte Carlo simulation of amino acid
substitution process. The selective fixation of substitutions is
dictated by a simple scoring function derived from the template
structure and a multiple alignment of its homologs. Designed
sequences represent an enlargement of sequence space around
native sequences. We show that the use of designed sequences
improves the performance of profile-based homology detection.
The difference in position-specific conservation between designed
sequences and native sequences is helpful for prediction of func-
tionally important residues. Our sequence selection criteria in
evolutionary simulations introduce amino acid substitution rate
variation among sites in a natural way, providing a better model
to test phylogenetic methods.
Computational protein design aims to identify sequencescompatible with a desired structure or fold (1–4). Most
design methods involve detailed energy functions with explicit
modeling of protein structure at the atomic level and apply
effective search algorithms (5, 6). They facilitate understanding
of the physical and chemical principles governing protein struc-
ture and folding (4). Protein design can also be used to probe the
sequence space (7), which has been applied in fold recognition
(8). This idea can be extended to profile-based similarity
searches, which derive a scoring function based on a multiple
sequence alignment. Designed sequences resembling naturally
occurring sequences could potentially be used to improve se-
quence profile, leading to more powerful homology detection.
Sequence design can also be used in studying protein function
and evolution (9, 10), as it is often related to evolutionary
simulations. It is generally assumed that amino acid changes
follow a stochastic process over long periods of time, and the
fixation of substitutions is under evolutionary pressure to pre-
serve protein activity. Evolutionary simulations can be made
more realistic if structural and functional constraints are taken
into account in the substitution process.
Knowledge-based approaches have been widely used to derive
interaction potentials by statistical analysis of known protein
structures (11, 12). Such potentials are used in various sequence
design methods as stability constraints. Functional information
about a protein family is embedded in naturally occurring
homologs as positional amino acid conservation. Sequence
profile, such as the position-specific scoring matrix generated by
PSI-BLAST (13), contains the positional conservation informa-
tion. We attempt to introduce structural and functional con-
straints in sequence design by considering both pairwise inter-
action potentials and sequence conservation information.
Recently, a simulation-based design method (Z-score model)
was used to study the protein evolutionary process (10). Struc-
turally similar sequences are selected by minimizing the Z-score,
which characterizes the energy gap between the native confor-
mation and misfolded or unfolded conformations. Theory and
folding simulations suggest that Z-score minimization can result
in stable and fast-folding sequences under a random energy
model (1, 14). This model was applied to study evolutionary time
scales, substitution rates, and conservatism of protein fold
families (10).
We use a Z-score design procedure to generate artificial
sequences incorporating structural and functional information
of naturally occurring sequences. Designed sequences represent
an enlargement of sequence space around native sequences. We
use designed sequences in profile-based sequence similarity
searches. We also show that comparison of the conservation
patterns of native sequences and designed sequences aids func-
tional residue identification. By adding a Z-score criterion to
evolutionary simulations, we introduce among-site rate variation
in a natural way. We compare methods of evolutionary distance
calculations under different evolutionary models.
Model and Methods
The Z-Score Model. In the Z-score model (1, 14), Monte Carlo
simulations are performed to search for substitutions that favor
the separation of the native-state energy (EN) from the average
energy (E) of structurally unrelated conformations (decoys).
The energy gap is characterized by the Z-score, defined as Z 
(EN  E)(E), where (E) is the standard deviation of the
energy of the decoys. The resulting change of Z-score (Z) after
an attempted substitution is calculated and the probability (P) to
fix the substitution is guided by the Metropolis algorithm: P
equals 1 if Z is 0, otherwise P equals exp(ZT). T is the
parameter referred to as ‘‘temperature’’ that characterizes the
tolerance to substitutions.
The Protein Energetic Model. Our scoring function is based on a
simple energetic model that combines structural information and
sequence conservation. The total energy (Et) of a protein structure
is evaluated as a linear combination of a single-residue potential
(Es) and a pairwise potential (Ep). The two potentials are related by
a scaling factor w (weight): Et  wEp  (1  w)Es, with the average
value of Et  w Ep  (1  w)Es and standard deviation of
(Et)  w22(Ep)  (1  w)22(Es).
The single residue potential (Es) for the protein structure is
derived from a multiple alignment of native sequences homol-
ogous to the target structure. Each position has a score contrib-
uting to the single-residue potential. The preference for amino
acid ai in a position i is transformed to an empirical energy. For
convenience, the PSI-BLAST (13) score (Sai) of residue ai in
position i is used and the single residue potential is Es i Sai.
The average value and standard deviation of the single residue
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0 is the average and (Sa) is the standard deviation of the PSI-BLAST
scores for residue type a for a random position. We estimate the
average value and the standard deviation of PSI-BLAST scores for
each residue type from a statistical analysis of all positions with
50% gaps in 284 alignments in the SMART database (15, 16).





where M(ai, aj) is the Miyazawa-Jernigan contact energy (12)
between residues ai and aj, ij is the element of the contact
matrix. The definition of a contact is in accord with what was
used in deriving the Miyazawa-Jernigan potentials: if the centers
of the two side chains are within 6.5 Å, ij is 1, otherwise ij is
0. We use a decoy model for the pairwise potential that has been












fij  fij  ij is the frequency of a contact between positions
i and j in structurally unrelated conformations and is estimated
by a statistical analysis of known protein structures.
Weight Optimization. To find the optimal weight w between the
single-residue potential and the pairwise potential, we compare
the average Z-scores of native sequences to those of two
randomized sets of sequences.
Native sequences have high Z-scores if only single-residue
potential (sum of PSI-BLAST scores) is used to evaluate the
Z-scores (w  0). Randomization of a native sequence eliminates
the conservation patterns. Thus, the single-residue potential is
effective in discriminating the native sequences from shuffled
sequences (or shuffling along an alignment of native sequences
horizontally). On the other hand, vertically shuffling each po-
sition in the alignment maintains the conservation patterns while
eliminating the correlations between positions. The single-
residue potential is not discriminative between such shuffled
sequences and native sequences in terms of the average PSI-
BLAST scores. The pairwise potential should be effective if
pairwise interactions between side chains can at least partially
explain the covariation of amino acids between positions.
For a native alignment we perform two types of shuffling
(‘‘horizontally’’ along each sequence and ‘‘vertically’’ along each
position) and compare the average Z-scores of the native
sequences and the sequences in the shuffled alignment at varying
values of w. We use the statistics of D  (Zn  Zs)(n  s) to
show the difference between native sequences and the horizon-
tally or vertically shuffled sequences. Zn and Zs are average
Z-scores of the native sequences and shuffled sequences, re-
spectively; n and s are their standard deviations. D is scaled
such that its value is between 0 and 1. Fig. 1 shows a typical
diagram of the two types of difference statistics. We choose the
cross point of the two curves as the optimal weight (w  0.94),
where both discriminations are close to the maximum value, i.e.,
1. We performed weight optimization for various structures and
found that the weight for the pairwise potential (w) was a value
0.9 in most cases. The scale of pairwise potentials (Miyazawa-
Jernigan matrix elements) is 10-fold less than the scale of single
residue potentials (PSI-BLAST position-specific scoring matrix
elements) such that at w  0.9 the contributions of pairwise and
single-residue potentials are about equal.
Designed Sequences Used in Homology Detection. We automate the
sequence design procedure and similarity searches. For each
template protein structure (taken from the Protein Data Bank),
we perform PSI-BLAST searches for homologous proteins for six
iterations starting from the corresponding sequence (e-value
cutoff 0.01). We obtain a position-specific scoring matrix
(PSSM) using the –Q option in the program BLASTPGP (13). This
PSSM is used for deriving the single residue potential. We obtain
a multiple alignment of found homologs directly from the output
of PSI-BLAST. Seventy sequences are selected in the final align-
ment (if the sequence number is 70, then all of the sequences
are included). We find the optimal weight between the two types
of potentials by the sequence shuffling procedures described
above or set the weight to be an empirical value of 0.9. We
perform Monte Carlo simulations of the substitution process in
the Z-score model starting from the initial protein sequence and
structure. We collect designed sequences after a certain number
of accepted substitutions of our simulations. We collect a set of
designed sequences from a set of simulations started from
different random numbers. We add the designed sequences to
the native alignment and perform a new round of PSI-BLAST
searches starting from each individual sequence in the combined
alignment and seeded with the combined alignment (-B option
in the program BLASTPGP, e-value cutoff 0.01). We test different
sets of designed sequences with different numbers of sequences
(35, 70, and 140) and different substitution numbers (l2, l, and
3l2; l is the sequence length of the alignment). All found
homologues are pooled together to form a set A.
As a control, we perform a PSI-BLAST search to convergence
starting from the initial sequence of the template structure.
Found homologues are grouped by single-linkage clustering (the
threshold of 1 bit per site) as implemented in the SEALS package
(17), and the representative sequences are used as new queries
for a new round of PSI-BLAST searches. We select all found
homologs to a set B. We compare sets A and B to check whether
set A contains homologs not in B. We test the automated design
and detection procedure on 48 oligonucleotideoligosaccharide
binding (OB)-fold domains, including cold shock protein 1mjc
(the results are available in Table 2, which is published as
supporting information on the PNAS web site, www.pnas.org).
We analyze the link between major cold shock protein and
ribosomal protein S1 in greater detail. To obtain an alignment
of high quality for 1mjc, we select representative sequences after
clustering all find major cold shock homologs by using the
BLASTCLUST program from the National Center for Biotechnol-
ogy Information (sequence identity cutoff 70%). We align
representative sequences by using T-COFFEE (18) followed by
Fig. 1. Weight optimization between pairwise potential and single-residue
potential. The red line shows the average Z-score difference between native
sequences and the random sequences by horizontal shuffling. The green line
shows the average Z-score difference between native sequences and a ran-
dom alignment resulted from vertical shuffling. The cross point (blue) depicts
the optimal weight.
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manual inspection and removal of short fragments, resulting in
a curated alignment of 70 sequences. This alignment is used in
design and homology detection.
Functional Residue Identification. For five protein families (trypsin,
carboxypeptidase A, Rnase Sa, T4 lysozyme, and Rho termina-
tion factor), we select protein structures with and without ligands
bound (see Table 1). For each structure with ligands, we define
the active site zone (ASZ) to be all residues within 4.5 Å of the
ligands. The ASZ is therefore enriched with residues important
for function. We design 103 sequences with N  10*l accepted
steps for each structure without ligand(s) (l is the sequence
length). We compute positional conservation in the native
alignment and designed alignment from an entropy measure-
ment with the Henikoff weighting scheme for amino acid
frequency estimation (16, 19). We calculate and rank the con-
servation differences at each position between the native align-
ment and the designed alignment. For positions with the top 25%
largest conservation decrease from the native to the designed
alignment, we count the number belonging to the ASZ. We
compare this number to the random expectation, assuming that
functional positions do not exhibit significantly larger conserva-
tion decrease than nonfunctional positions (one-quarter of the
total number of positions in the ASZ).
Evolutionary Distance Calculations. We study two evolutionary mod-
els. In the first model, we randomly select a position and attempted
a substitution according to the Dayhoff PAM1 substitution prob-
ability matrix (20). Any attempted substitution is fixed. In the
second model, we randomly choose a position and attempt a
substitution similarly, but the fixation of the substitution is accord-
ing to the Z-score Metropolis criterion. We define one substitution
cycle as the number of accepted substitutions equals the sequence
length. The evolutionary distance (d) per substitution cycle is set
to 1, that is, the average number of substitutions per site is 1.
Starting from the initial sequence of 1mjc, we collect the final
sequence after a certain number of substitution cycles (d).
We calculate the normalized fraction of unchanged sites as q 
(S  Srand)(1  Srand), where S is the identity of two sequences and
Srand is the identity of two random sequences. We approximate the
identity of two random sequences to be 0.05.
Results
Designed Sequences Improve Distant Homology Detection. Similarity
search programs such as PSI-BLAST (13) effectively use the
information in alignments of native proteins. Designed se-
quences represent the expansion of the sequence space compat-
ible with the fold and function of native sequences. To test
whether designed sequences help homology detection, we add
them to the native alignment and use the combined alignment to
generate a profile for BLAST searches (PSI-BLAST seeded with
alignment).
We select OB-fold (21) structures for the test. OB-fold adopts
a -barrel structure consisting of five  strands. OB-fold is
characteristic of a wide variety of proteins, most of which are
involved in oligonucleotide or oligosaccharide binding. In the
SCOP (Structural Classification of Proteins, version 1.57) (22)
database, OB-fold is divided into seven superfamilies. The
superfamily of nucleic acid-binding proteins is the most diverse
and populated. Proteins within each superfamily are considered
to be homologs. However, the OB-fold sequences can get so
diverse that automatic PSI-BLAST searches cannot link all of the
proteins in the same superfamily. This provides us a good case
for testing profile-based similarity searches. A total of 48 OB-
fold domains are selected, and PSI-BLAST searches are done with
designed sequences added to the native alignments (see Model
and Methods). For 14 domains, we find new hits compared with
normal PSI-BLAST searches with found homologs (see Table 2).
Most hits are true positives as we manually confirm.
New hits are found in the superfamily of nucleotide-binding
proteins. The most interesting case is the link between the major
cold shock domain and ribosomal protein S1 domain. Both
proteins belong to the cold-shock DNA-binding domain-like
family according to SCOP. This family also includes other protein
domains such as translational initiation factor 1 and Rho ter-
mination factor. However, automatic PSI-BLAST searches (e-value
cutoff 0.01, NR database in October 2001 with 764,279 se-
quences, 242,943,615 total letters) starting from the sequence of
a major cold shock protein with known structure (Protein Data
Bank ID code 1mjc) (23) converge within the major cold shock
domains and could not make links to other domains in the same
SCOP family. PSI-BLAST searches seeded with a curated alignment
(see Model and Methods) was carried out starting from each
sequence in the alignment. Still no links between cold shock
domain and other domains in the same family could be estab-
lished (e-value cutoff 0.01). Using the structure of 1mjc (residues
4–70) and a curated alignment, we design 70 sequences with 67
accepted substitutions at the optimized weight. The 70 designed
sequences are added to the native alignment, and a new round
of PSI-BLAST seeded with the combined alignment is performed.
This time we detect two new homologues with e-value 0.01.
One is ribosomal protein S1 from Rickettsia conorii [gene
identification (gi) number: 15619842, best e-value 0.002], and the
other is a hypothetical protein from Trypanosoma brucei (gi:
9366840, best e-value 0.004). Therefore, designed sequences aid
identification of the remote homology relationship between the
cold shock domain and S1 domain. Detection of R. conorii S1
protein is robust with regard to design parameters. It is consis-
tently found with e-value 0.01 in most tested cases where the
accepted substitution steps andor the number of designed
sequences added to the native alignment are varied (see Table
3, which is published as supporting information on the PNAS
web site). Using a multiple alignment of major cold shock
proteins directly from PSI-BLAST output for design, we also detect
the same S1 protein with e-value 0.01 (see Table 2).
We perform two control tests of alignment-seeded searches.
In the first one, a random alignment generated by shuffling along
each position of the native alignment is added to the native
alignment. This procedure does not lead to detection of any new
homologs, suggesting that the improvement of the profile by
Table 1. Active site residues (ASR) with large conservation difference
Protein family PDB with substrate Apo PDB Sequence length No. of ASR
No. of ASR within the top 25%
conservation difference Expected no.
Carboxypeptidase A 8cpa 2ctn 307 17 11 17*0.25  4.25
Rho termination factor 2a8v 1a8v 118 12 6 12*0.25  3
Trypsin 1btz 2ptn 223 21 12 21*0.25  5.25
Rnase Sa 1rge 1rgg 96 10 6 10*0.25  2.5
T4 lysozyme 148l 5lzm 162 27 11 27*0.25  6.75
PDB, Protein Data Bank.







adding designed sequences is not caused by an increase of the
alignment size with similar conservation properties. In the
second control test the added sequences are obtained by simu-
lating the evolutionary process under the Dayhoff PAM1 model
(20). In this model, a site is chosen randomly, and the substitu-
tion is made according to the PAM1 substitution probability
matrix. Unlike the Z-score design, there are no structural or
functional constraints for substitution fixation. Alignments are
generated with different parameters of design in accord with the
above (number of accepted substitutions, number of designed
sequences added to the native alignment). Still no new homologs
are found. This result suggests that structural and evolutionary
information used in the design procedure indeed plays an
important role in improving profile-based similarity searches.
In Fig. 2, we plot a distance diagram illustrating the similarities
among S1 sequences, major cold shock sequences, and the designed
sequences (24). The S1 sequences (black circles) and major cold
shock sequences (red circles) form two distinct clusters with no
overlapping between them, suggesting that the similarities between
the two groups are low. The designed sequences (blue circles) all
cluster around the native major cold shock sequence of 1mjc (the
yellow point), because they are generated by limited number of
substitutions made from it (on average one substitution per site).
Some designed sequences are closer to the R. conorii S1 protein
(green circle) than most of the native sequences. This may be the
reason for an improved sequence profile that leads to the detection
of this S1 protein by adding designed sequences.
Design and Functional Residue Identification. It is well known that
many proteins trade stability for function (25). Residues impor-
tant for catalysis or molecular interactions are often not opti-
mized for stability. Their conservation mainly reflects the func-
tional constraints. There are also positions where conservation
is caused mainly by stability constraints. Although conservation
is widely used to indicate functionality (16), it is not obvious that
it discriminates positions with mainly functional constraints from
positions with mainly structural constraints. In most cases, the
former is of the most interest to the study of protein activities.
In our design scheme, single-residue potential (profile scores)
characterizes the conservation properties of naturally occurring
sequences. If only single-residue potential is used (w  0) in the
design process, the conservation pattern of the native alignment
will be largely maintained in the designed sequences. Pairwise
potential reflects physical interactions between residues in con-
tact and only exerts stability constraints in the design. We expect
that incorporation of pairwise potential in design tends to
maintain the conservation of positions contributing to structural
stability while weakening the conservation of functional residues
in the designed alignment. We select five well-studied protein
families to test this idea. For a representative structure of each
family, we design 103 artificial sequences with the optimized
weight. The differences of conservation at each position between
the native alignments and the designed alignments are measured
and ranked in a descending order. Table 1 shows that residues
belonging to the ASZ tend to have larger conservation decreases
than other part of the protein.
The conservation difference measure could be useful for pre-
dicting functional residues on a protein structure. Fig. 3 illustrates
the active site of trypsin. If conservation of the native alignment is
mapped onto the protein structure, all conserved positions impor-
tant for stability or function are highlighted (red), for instance, the
two disulfide bond-forming cysteines and the catalytic triad (with
side chains shown). If the conservation difference between the
native alignment and the designed alignment is mapped onto the
Fig. 2. Distance diagram showing the similarities among major cold shock
sequences, designed sequences, and ribosomal S1 sequences.
Fig. 3. (a) Ribbon diagrams showing sequence conservation in a multiple alignment of native trypsin sequences. (b) Ribbon diagrams showing sequence
conservation difference between native alignment and the designed alignment of trypsin family. Red and blue correspond to the highest and the lowest
conservation or conservation differences, respectively.
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structure, the functional catalytic triad are still highlighted because
they have large conservation change. The conservation of the two
cysteines is maintained in the designed alignment. They are not
highlighted in Fig. 3 because changes in their conservation are
small. This example demonstrates that conservation difference
could be a better measure in pinpointing positions with mainly
functional constraints than simple conservation values.
Testing Evolutionary Distance Estimators. Simulations of evolution-
ary process are widely used to test phylogenetic methods such as
evolutionary distance estimation and tree reconstruction (26,
27). Our design procedure can be viewed as a simulation of
evolutionary process in which stability and function are taken
into account in the selective fixation of substitutions. Because
different sites are under different selection pressure, rate vari-
ations among sites are naturally introduced in our model.
Here we use our design procedure to test different methods of
estimating evolutionary distances (d) from sequence similarity.
Sequence similarity is quantified by the normalized fraction of
unchanged positions: q  (S  Srand)(1  Srand). Two models of
substitution process are tested. One simulation process is under a
PAM1 model with equal probability of substitution attempt at each
position and no selection pressure of substitution fixation. Under
this model we expect that the substitution rates do not vary among
sites. In the other model the Z-score selection criterion is added to
the PAM1 model (see Model and Methods), and the substitution
rates could vary among sites because of structural and functional
constraints. The relationships of sequence similarity and evolution-
ary distance are shown in Fig. 4. It is clear that with structural
and functional constraints (red line), the normalized fraction of
unchanged positions decreases more slowly with the increase of
evolutionary distance than that under the equal-rate PAM1 model
without selection on substitution fixation (black line). Two formu-
lae for estimating the relationship between q and d are also plotted.
One is the Poisson relationship: q  exp(d) (blue line), derived
under the assumptions that all residues in a sequence have the same
probability of change and every amino acid has the same probability
of changing to other amino acids. It fits very well to the PAM1
model without structural and functional selection pressure.
The other formula is the one of the formulae Grishin proposed: q 
1(1  d) (green line) (28), which is derived assuming that the
substitution rates among sites follow an exponential distribution.
The result of simulation with Z-score model is closer to what this
formula predicts.
Discussion
Scoring Function. Most protein design efforts involve detailed
energy functions to model the forces of interactions at the atomic
level. Even under the approximations of fixed backbone and
discrete rotamer conformations (29), the search space is quite
large (4). Because of such limitations as the inaccuracy in the
energy functions and the time complexity, it is not feasible to
model the detailed structural differences among naturally oc-
curring homologs or the detailed structural changes during a
trajectory of natural substitutions. Instead, we select a coarse-
grained energy model. Under such a model, foldablility and
stability cannot be guaranteed. Rather, the designed sequences
should be deemed as artificial sequences with native-like con-
servation properties. In homology detection tests we have lim-
ited the substitution steps to be around one substitution per site,
so that not too many deleterious substitutions are introduced.
We use a scoring function that is a linear combination of the
pairwise interaction potential between positions and the ob-
served conservation for each position. Similar combination of
energy terms has been used in fold recognition (30, 31), ab initio
folding (32) and protein design efforts (33). Both energy terms
of the scoring function are simple to calculate. The Miyazawa-
Jernigan energy terms (12) are derived from a statistical analysis
of side-chain contacts in known structures. Our pairwise poten-
tial only depends on the side-chain contact patterns and omits
the interaction details such as the packing of the side chains. We
assume that the contact patterns are largely maintained in
structurally similar proteins or during the substitution process.
The single-residue potential is derived from a multiple alignment
of native sequences and manifests the fitness of amino aids at a
position. It contains various structural information, such as
backbone-dependent amino acid preferences, exposure to the
solvent and, indirectly, pairwise side-chain interactions. The
single residue potential also introduces functional and evolu-
tionary constraints to make the designed sequences more native
like. These constraints should be helpful in homology detection.
There is certainly overlapping between the two terms in a linear
combination, which is a common problem in scoring functions
used in protein design. We propose a method of finding the
optimal scaling factor between the two terms by comparing
native sequences with two sets of shuffled sequences.
Artificial Sequences for Similarity Searches. The most sensitive
similarity search tools effectively use evolutionary information in
the form of a position-specific scoring scheme. Profiles (34),
transformed into position-specific scoring matrices (13) or en-
coded in hidden Markov models (35), are derived from align-
ments of homologous proteins. The quality of a profile depends
on the diversity of the sequences and the quality of the multiple
alignment. PSI-BLAST (13) uses an iterative procedure to include
newly found homologs to improve the quality of the profile.
Alignments of better quality can help homology detection (36).
We try to improve the quality of the profile by integrating
structural information from available 3D structures and func-
tional information from multiple alignments. The artificial se-
quences produced by the design procedure represent enlarge-
ment of the sequence space around naturally occurring
sequences. Inclusion of designed sequences to the native align-
ment led to improvement of the statistical significance of the
similarity search results between major cold shock domain and
ribosomal S1 domain. New homologues were also found for
other OB-fold domains by adding designed sequences to the
native alignment. For each OB-fold structure, we tried adding 35,
70, and 140 designed sequences to the native alignment. Adding
more designed sequences did not help finding more new ho-
Fig. 4. Plotof therelationshipofevolutionarydistancevs.normalizedsequence
identity. The red curve is for simulation under the Dayhoff model with a Z-score
criterion. The black curve is for simulation under the Dayhoff model without a
Z-score criterion. The green curve is for the Grishin’s formula: q  1(1  d). The
blue curve is for the formula under the Poisson assumption: q  exp(d).







mologs, probably because more deleterious substitutions were
introduced to the alignment.
However, we also notice several limitations in this homology
detection approach by adding artificial sequences. First, the
scoring function is too coarse-grained in characterizing the
compatibility of the sequence with the fold. For this reason, we
start substitution process from the native sequence with the
structure and do not let the substitution process go too far. This
leads to a limited change of the profile after adding the designed
sequences to the native alignment. Too many substitutions can
make the profile worse and could possible introduce false
positives in similarity searches, as we find in the tests of OB-fold
proteins. Second, other evolutionary events such as insertions
and deletions are not modeled in the simulation. Third, the single
residue potential is derived from the native alignment. If only
several very close homologs are identified by PSI-BLAST searches,
the information content of the native alignment will be low (as
is the case for many OB-fold domains not from the superfamily
of nucleotide-binding proteins). Fourth, the existence and the
distribution of distant homologs in sequence space are unpre-
dictable, so are the structural and functional changes in them.
Designed sequences may not vary in the direction needed to find
these homologs. For 48 OB-fold structures we tried, new homo-
logues were detected for only 14 of them. Despite these obvious
limitations, the link between cold shock protein and S1 protein
suggests that our design procedure can be useful in making
discoveries of remote homologs.
Functional Constraints and Stability Constraints in Design. The two
most important constraints for sequence conservation are stability
and functionality. Conservation caused by stability constraints and
functional constraints can overlap, but usually only one type of
constraint dominates in a conserved position. Functional residues,
involved in catalysis or interactions with other molecules, are often
positioned on the surface of a protein. In fact, they are often not
optimized for stability (25). On the other hand, stability is the
dominant constraint for the residues in hydrophobic cores. In our
design procedure, the single residue potential captures mixed
evolutionary information about conservation whereas the pairwise
potential only captures stability information. Incorporation of
pairwise potential tends to weaken the conservation of functional
positions not under much stability constraints. Thus, functional
positions tend to show large conservation differences between
native and designed alignments. Because in most cases we are more
interested in functional positions than positions under stringent
stability constraints, analyzing the conservation difference of the
native and designed alignment could be useful for prediction of
functional residues.
Design as a Simulation of Evolutionary Process. The simulation of
the protein evolutionary process is widely used in various
phylogenetic tests. Simulations can be done under different
models of substitution events. The simplest model is the Poisson
model that assumes equal probability of change at each position
in a sequence and equal probability of change among different
amino acid types. Other models may take into account the
likelihood variation of substitutions among amino acids by using
a substitution probability matrix (20) or the variation of substi-
tution rates among sites (27). Substitution matrices such as the
PAM series matrices derived by Dayhoff et al. (20) usually come
from a statistical analysis of substitution events in homologous
proteins and manifest the general properties of exchange among
amino acids (e.g., hydrophobic or hydrophilic preferences).
Variation of substitution rates among sites is usually approxi-
mated by a certain type of statistical distribution such as the 
distribution (37). However, for a particular protein family, the
substitution events not only follow the general substitution
tendencies among amino acids but also are influenced by the
structural and functional properties specific for this family.
Selective fixation of substitutions is family specific to maintain
the protein’s structure and function.
Our design procedure can be used as a simulation of the
evolutionary process. The fixation of substitutions is under selection
by the functional and structural constraints of a protein family,
rendering this type of simulation more realistic. The variation of
substitution rates among sites is caused by these constraint. We
show that the formula q  1(1  d) (28) that takes into account
the rate variability among sites approximates better the empirical
relationship observed in our evolutionary simulation. This type of
simulation should also be useful in testing other methods in
phylogeny, such as tree-building methods.
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